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Abstract 
The immune system must recognize countless pathogens throughout life. How does this system organize the finite but 
effective repertoire of receptors? This finite set of receptors must inevitably be cross-reactive to multiple pathogens while 
retaining high specificity to different pathogens. In this study, we computationally examined the cross-reactivity of T-cell 
receptors and peptides derived from infectious diseases based on the pairwise binding energy of their amino acid sequences. 
We found that T-cell receptors have diverse amino acid compositions, leading to a broad spectrum of cross-reactivity in 
peptide binding. High/low cross-reactive T-cell receptors have more/less strongly interacting amino acids. Then, we 
investigated the target searching time of the natural T-cell repertoire and compared the target searching time between the 
high and low cross-reactive T-cell repertoires. According to our computational results, the natural T-cell repertoire is 
specific and sufficiently rapid in searching for certain targets. High cross-reactive and non-specific T cells require more 
time to unbind from incorrect targets, while low cross-reactive T cell receptors require more time to search for the correct 
targets. Our computational platform, which is based on molecular sequences and their pairwise binding energy, could be 
useful in further explorations of immunological recognition. 
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1. Introduction 
T cells are major components of the adaptive immune system. To selectively recognize pathogens, T cells 
express distinct receptors. Antigen presenting cells engulf pathogens, degrade the pathogens into short peptides, 
and display these peptides in conjunction with major histocompatibility complexes (pMHC) on their surfaces 
(Owen et al., 2013). Subsequently, T cells recognize the processed peptides using T-cell receptors (TCRs). 
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Therefore, the molecular interaction between pMHC and TCRs is crucial for immunological recognition. To 
successfully distinguish countless pathogens, infinitely diverse TCRs are required. In principle, the human 
immune system has the potential to generate 1015 distinct receptors through V(D)J gene recombination (Davis 
and Bjorkman, 1988; Murugan et al., 2012; Zarnitsyna et al., 2013). However, after the filtering process in the 
thymus, the human T-cell pool has approximately 1011 cells (Arstila et al., 1999). The actual diversity is further 
decreased due to the clonal copies of T cells.  
Is this diversity sufficient to cover all possible pathogen encounters throughout life? Considering 15-mer 
peptides, peptides can have a maximum of 3×1019 (~2015) different combinations of amino acid sequences. The 
human body is estimated to have 3×1013 total cells (Sender et al., 2016). Thus, an infinite diversity of T cells is 
impossible due to these physical limitations. Thus, each T cell must recognize multiple antigenic peptides 
(Mason, 1998). Indeed, each T cell can productively interact with several peptides (Unanue, 1984), which is 
called T-cell cross-reactivity. Furthermore, a specific peptide can be recognized by different T cells (Zarnitsyna 
et al., 2013), which is called peptide cross-reactivity. Perelson and Oster were the first to theorize about the 
multi-specificity of antibodies using the Euclidean space of antibody sequence vectors with a distance metric 
between antibodies and antigens (Perelson and Oster, 1979). Subsequently, Mason emphasized that cross-
reactivity is an intrinsic and necessary characteristic of T-cell recognition and estimated that an individual T cell 
can respond to 106-107 nonamer peptides or 108 or more 11-mer peptides (Mason, 1998). 
Do all T cells have similar degrees of cross-reactivity? According to recent studies, peptide cross-reactivity 
is not uniform (Jenkins and Moon, 2012; Maillere, 2013; Zarnitsyna et al., 2013), and T-cell cross-reactivity is 
highly heterogeneous. Certain T cells can respond to 106 different peptides, while other T cells have an 
extremely low cross-reactivity to different peptides despite their sequence similarity (Petrova et al., 2012). The 
binding affinity of TCRs or antigenic peptides may play a role in the degree of cross-reactivity, indicating that 
the sequence information of their amino acids can be an important predictor of their cross-reactivity. Many TCR 
and antigenic peptide sequences are currently available due to high-throughput sequencing technologies 
(Murugan et al., 2012; Vita et al., 2015; Warren et al., 2011; Zvyagin et al., 2014). In this study, we 
computationally examined the cross-reactivity of TCRs to peptides derived from infectious diseases based on 
the pairwise binding energy of their real amino-acid sequences. Using a binding simulation, we addressed the 
following two questions: (i) how broadly does the cross-reactivity of T cells or antigenic peptides distribute? 
(ii) What physical mechanism underlies the broad cross-reactivity.  
Because a rapid immune response to pathogens is essential for living systems (Mayer et al., 2015), T cells 
must perform rapid target searching for a specific peptide. The target searching process has been extensively 
studied in the context of transcription factors binding/unbinding DNA (Berg and von Hippel, 1987; von Hippel 
and Berg, 1986). The binding affinity determines the time required for transcription factors to scan specific 
locations on DNA. Strong binding can delay the scanning process due to slow unbinding, while weak binding 
can overlook target locations (Gerland et al., 2002; Savir et al., 2016). Similarly, high cross-reactive T cells can 
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recognize more targets, but they are less specific to the targets. Their strong binding affinity may be beneficial 
for stable binding to the correct targets but detrimental for unbinding from the incorrect targets. In this study, 
we examined the target searching process of T cells using a binding model of real amino acid sequences of T 
cells and antigenic peptides. 
 
2. Models and Results 
2.1. Immunological recognition  
TCRs have a specific region, i.e., complementary-determining region 3 (CDR3), that is critical for 
recognizing the short peptides of MHC molecules. Since CDR3 is short (L=12, the most frequent length), the 
interaction between CDR3 and pMHC has been approximated using a linear sequence pairing model without 
considering the three-dimensional protein-protein interactions (Kosmrlj et al., 2009; Kosmrlj et al., 2008). The 
“string models” of TCR-pMHC interactions have been used to study various problems, including thymic 
selection (Chao et al., 2005; Detours and Perelson, 1999; Detours et al., 1999). In addition, this linear model 
treats amino acids explicitly, which is distinct from previous linear models that were based on binary sequences 
(Percus et al., 1993; Segel and Cohen, 2001). The pairwise binding energy between a TCR and pMHC is  
c
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Here, the first term represents the interaction between the amino acid sequence ),,,( 21 Ltttt !
"
=  of a CDR3 
and ),,,( 21 Lpppp !
"
=  of a peptide (Fig. 1A), while the second term represents the interaction between the 
remaining part of the TCRs other than CDR3 and the MHC molecule. The binding energy J of a pair of amino 
acids is defined by the statistical potentials between each pair of amino acids, i.e., the 20×20 Miyazawa-Jernigan 
matrix (Fig. 1B) (Miyazawa and Jernigan, 1996). Since the statistical potential can reasonably describe protein-
protein interactions, this matrix has been widely used in protein design and folding simulations (Li et al., 1997). 
The non-specific binding energy has been estimated as TkE Bc 33= , where Bk  is the Boltzmann constant, and 
T is the temperature (Kosmrlj et al., 2009; Kosmrlj et al., 2008). At a normal body temperature, the thermal 
energy is approximately equal to TkB =0.6 kcal/mol. This setup defines the event of an immune response when 
the pairing energy between t
!
 and p
!
 is larger than an activation or recognition threshold, REptE >),(
!! . 
The linear model has been used to describe the thymic selection process in which the selected TCRs show 
high specificity and cross-reactivity (Kosmrlj et al., 2009; Kosmrlj et al., 2008). Since negative selection in the 
thymus removes the TCRs that include strongly interacting amino acid residues, the selected TCRs have 
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moderately interacting amino acids. Perelson and Oster have also discussed the importance of many weak bonds 
over one strong bond (Perelson and Oster, 1979). Thus, each site should significantly contribute to the total 
binding energy in Eq. (1). The “Bar code model” could explain certain experimental results as follows: T cells 
selected by fewer self-peptides in the thymus are more cross-reactive (Kosmrlj et al., 2008; Kosmrlj et al., 
2010), and higher cross-reactive TCRs have more strongly interacting amino acids in their CDR3 regions 
(Stadinski et al., 2016).  
2.2. Cross-reactivity  
To examine the cross-reactivity of TCRs using the linear binding model, we used real sequence data of TCRs 
and antigenic peptides. For the TCR sequences, we used published data of the DNA sequence of CD4+ T cell 
beta chains (Murugan et al., 2012), which were obtained from T cells purified from blood samples from nine 
human subjects (Robins et al., 2010; Robins et al., 2009). The database contained 104-105 sequences of TCRs 
per subject. According to a conservative estimate of T-cell diversity, humans have approximately 5×106 distinct 
T cells; however, larger numbers are likely to exist (Warren et al., 2011). Using the DNA codon table, we 
decoded the nucleotide sequences of DNA into their corresponding amino acid sequences. The sequence lengths 
ranged from 3 to 17 amino acids, and the most frequent length was L=12. For the peptide sequences, we used 
the open source “Immune epitope database and analysis resource” (Vita et al., 2015) and obtained 104 infectious 
peptides. Their sequence lengths ranged from 5 to 45 amino acids, and the most frequent length was L=15. 
Since we defined an immune response as REptE >),(
!! , longer sequences may have larger binding energies 
according to Eq. (1). Therefore, to rule out the effect of the sequence length, we used TCRs with L=12 (~104 
sequences per subject) and peptides with L=15 (~104 sequences). Finally, to define the binding between a 12-
mer TCR and a 15-mer peptide, we considered random starting positions of binding at each TCR and peptide 
encounter. We also considered reversed sequences of TCRs. Then, we determined the reactivity of the TCRs 
and peptides to determine their cross-reactivity. In this study, we considered only distinct TCR sequences and 
ignored the clone size of the T cells because no correlation was observed between the cross-reactivity and the 
clone size.  
 We distinguished the following two cross-reactivities (Fig. 2A): (i) T-cell cross-reactivity determined the 
number of peptides recognized by a specific TCR, and (ii) peptide cross-reactivity determined the number of 
TCRs that recognized that specific peptide. Thus, we measured the fraction of recognized peptides by TCRs 
and plotted the relative frequency of the cross-reactive fraction (Fig. 2B). Notably, we used the fraction of cross-
reactive peptides rather than their absolute number because the absolute number depends on the total number 
of available peptides. Similarly, we measured the fraction of TCRs that recognize the same peptides and plotted 
their relative frequency (Fig. 2C). Since we defined the reactivity between a TCR and a peptide as REptE >),(
!!
, our results depend on the threshold, RE , as follows: high RE  results in lower cross-reactivity, whereas low 
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RE  results in higher cross-reactivity. Here, we used TkLE BR 4/ =  to reasonably explain the thymic selection 
process (Kosmrlj et al., 2008).  
As a reference for the cross-reactivity distribution, we considered the random connections between TCRs 
and peptides when the total number of recognition connections were constrained to follow the same number in 
the model simulation for TkLE BR 4/ = . Compared with the artificial cross-reactivity distribution, the cross-
reactivity distributions of TCRs and peptides were certainly broad (Figs. 2B and 2C). Broad T-cell cross-
reactivity (Petrova et al., 2012) and peptide cross-reactivity (Jenkins and Moon, 2012; Maillere, 2013) have 
been recently supported by experimental evidence.  
To understand the differential cross-reactivity of TCRs, we categorized the TCRs into two groups, i.e., the 
top 5 percent with the highest and lowest cross-reactivity, and examined their amino acid compositions (Figs. 
3A and 3B). High cross-reactive TCRs had higher frequencies of strongly interacting amino acids, whereas low 
cross-reactive TCRs had higher frequencies of weakly interacting amino acids, which is consistent with 
previous reports (Kosmrlj et al., 2009; Stadinski et al., 2016). Furthermore, the high cross-reactive TCRs have 
more amino acid residues with strong hydrophobicity. Self-reactive T cells have also been successfully 
classified according to the fraction of hydrophobic residues (Stadinski et al., 2016). In conclusion, the broadness 
of T-cell cross-reactivity originates from the heterogeneous amino acid composition.  
Here, we prepared two control TCR repertoires to evaluate the uniqueness of the natural T-cell repertoire. 
Because the amino acid composition of natural TCRs (N-TCRs) is known, using the top 5 percent of the highest 
cross-reactive TCRs (H-TCRs) and bottom 5 percent of the lowest cross-reactive TCRs (L-TCRs), we counted 
the relative frequency )( iafa  of the 20 types of amino acids }20,...,2,1{, Îiai  in the three groups, 
TCR}-L TCR,-H TCR,-{NÎa . Notably, we also considered the top/bottom 20 percentile TCRs and 
confirmed that the modification did not qualitatively change the following conclusions. Subsequently, we 
created two artificial TCR repertoires, i.e., H-TCRs and L-TCRs, by assembling the amino acids sampled from 
the distribution )( iafa  with  TCR-H=a  and  TCR-L=a , respectively. Henceforth, we denote the 
repertoire of natural TCR by N-TCRs. Then, we determined the distribution of binding energies ),( ptEE
!!
=  
between the TCRs and peptides (Fig. 3C) and confirmed the distinct cross-reactivity of the three repertoires 
(Fig. 3D). As previously reported (Derrida, 1980; Derrida, 1981; Kosmrlj et al., 2009), the binding energy 
distributions are approximated by Gaussian distributions as follows: 
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with mean aµ  and variance 
2
as . In the generation of the two artificial repertoires, we did not impose correlations 
between sites. Therefore, given the amino acid composition )( ig a  of peptides (Fig. 3A), the mean and variance 
of the binding energy can be estimated as follows: 
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The analytical estimation is consistent with the mean and variance of the simulated binding energy distributions 
not only for H-TCRs and L-TCRs but also for N-TCRs (Table 1). The good agreement with N-TCRs suggests 
that the site-site correlation was negligible in the amino acid sequence of the natural TCRs.  
Expectedly, the H-TCRs had higher binding energies with peptides than the N-TCRs and L-TCRs. The 
stronger binding is the source of the high cross-reactivity. To further quantify this relation, we defined 
probability aq  in which a TCR has stronger binding with a peptide than the recognition threshold RE  as 
follows: 
dEEPq
REò
¥
= )(aa .  (5)  
The theoretical estimation of aq  could reasonably predict the success probability of TCR-peptide recognition 
in the recognition simulation (Table 1). 
2.3. Target searching 
Rapidly searching for dangerous pathogens is crucial for immunity (Mayer et al., 2015). Thus, we examined 
the target searching time of TCRs. First, we analytically estimated the searching time required for TCRs to 
recognize an anonymous peptide among a set of peptides. Second, we numerically estimated the searching time 
required for TCRs to recognize a specific peptide. For the analytical estimation, we sampled the binding 
energies iE  from the binding energy distribution (Fig. 3C) until the sampled iE  exceeded RE . For a simple 
setup, we ignored the simultaneous searching of multiple TCRs and the time interval between trials. The total 
search time for immune recognition can be defined as 
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where the m-th trial should be the first successful recognition ( Rm EE ³ , and Ri EE <  for mi < ). In each trial, 
we consider the time )( ii EtD  required for an unsuccessful TCR to unbind. The unbinding time increases 
exponentially as the binding energy iE  increases (Gerland et al., 2002) as follows: 
)exp()( 0 iii EE btt =D ,  (7) 
where TkB=
-1b  is the inverse thermal energy, and 0t  is a free parameter that determines the time scale of 
the search process. We set 0t  to satisfy the observation that each T cell requires approximately 5=D it  
minutes for the scan process, considering that immunological synapse formation requires 5 to 30 minutes for 
antigen recognition in CD4+ T cells (Huppa and Davis, 2003). The more realistic value of 0t  is likely smaller 
because the half-lives of the bond formed between a TCR and agonist pMHC are 1-100 seconds (Grakoui et al., 
1999; Holler and Kranz, 2003; Krogsgaard et al., 2003). To estimate the total search time t , we must consider 
the probability that successful recognition occurs at the m-th trial as follows: 
aaa qqmQ
m 1)1()( --= ,  (8) 
which assumes m sequences of independent events with (m-1) failures and one final success with success 
probability aq  in Eq. (5). Here, the average search time per trial can also be estimated from the binding energy 
distribution )(EPa as follows: 
dEEPe E
ER
)(0 a
b
a tt ò ¥-=D .  (9) 
Given the average search time 
atD  per trial, the total search time for (m-1) trials is approximated by 
aa tt D-» )1()( mm .  (10) 
Then, we can obtain the average of the total search time 
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where the last approximation holds for 10 << aq . The final equality in Eq. (11) can define the average number 
of failed trials as 
a
a
a q
qm -=- 11 .  (12) 
Using the analytical formulation, we could finally estimate the average number of failures 
a1-m  and average 
total search time 
at  of the three TCR repertoires (Table 2). H-TCRs can recognize an anonymous peptide 
among a set of peptides at m=20 trials on average, whereas N-TCRs can recognize the anonymous peptide at 
m=800 trials. However, H-TCRs spend 18.015.12 ±=t  hrs for searching, and N-TCRs spend 5.041±=t  
hrs. The smaller difference in the total search time despite the 40-fold difference in the trial number is due to 
the penalty of the unbinding process in H-TCRs. L-TCRs require many more trials m= 5102´  and a longer 
search time 5247±=t  hrs. H-TCRs do not require as many trials but waste time unbinding from the incorrect 
targets (Fig. 4). In contrast, L-TCRs do not waste as much time unbinding but require many more trials to search 
for the correct targets. 
In contrast to target searching for an anonymous peptide among a set of peptides, we next examined a more 
realistic target searching for a specific peptide. We first prepared finite numbers of the three T-cell repertoires. 
For N-TCRs, we randomly selected 3,000 TCRs from a pool of 9 subjects. For H- and L-TCRs, we generated 
3,000 artificial TCR sequences as described in the previous section. Given a T-cell repertoire, we introduced a 
target peptide ip
!
 and randomly sampled a TCR jt
!
 from the repertoire. Then, we calculated the binding energy 
),( ij ptE
!!
 and determined whether the energy exceeded the recognition threshold, Rij EptE >),(
!!
. Unless 
recognition was successful, we repeated this process and sampled another TCR until the recognition succeeded 
with mj = . Finally, ignoring the time interval between trials, we could obtain the total search time in Eq. (6) 
for targeting peptide ip
! . In general, a finite repertoire cannot recognize all peptides. L-TCRs recognize fewer 
peptides than N-TCRs, and N-TCRs recognize fewer peptides than H-TCRs (Table 3). For a fair comparison of 
the three repertoires, we considered only cases in which a specific peptide was successfully recognized. Given 
successful peptide recognition, we counted the trial number m and total search time t  and obtained the 
distributions of the three repertoires (Figs. 5A and 5B). Although the trial numbers were highly differentially 
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distributed between H-TCRs and N-TCRs, the total search times were similarly distributed in cases of successful 
recognition. The average search time of 90.1212.50 ±  hrs for N-TCRs was close to the average search time of 
76.254.26 ±  hrs for H-TCRs. We did not observe a substantial difference between N-TCRs and L-TCRs 
( 33.1133.83 ±  hrs). Next, we examined how the target search process changed for a larger repertoire. We 
repeated the same simulations with 50,000 TCRs per repertoire. More TCRs achieved successful recognition 
(Table 3). Furthermore, the trial number and search time became more widely distributed, skewing toward more 
trials and longer search time (Figs. 5C and 5D). For the larger T-cell repertoire, the average total search time of 
53.6966.652 ±  hrs for N-TCRs ( 51.10405.941 ±  hrs for L-TCRs) was markedly deviated from the 
02.559.151 ±  hrs for H-TCRs. Based on the simulations with the two repertoire sizes, although N-TCRs and 
L-TCRs required many more trials for target searching than H-TCRs, N-TCRs and L-TCRs spent similar time 
searching for a specific target when the target search was successful in a finite time. Given the finite numbers 
of T cells under a finite time window, compared to H-TCRs, the many trials required by N-TCRs were not 
considerably disadvantageous for the total search. Simultaneously, N-TCRs exhibited a higher specificity than 
H-TCRs. The search time of L-TCRs was similar to that of N-TCRs for successful peptide recognition, but L-
TCRs exhibited a five-fold lower success rate than N-TCRs (Table 3). 
To further investigate the penalty of the unbinding time, we compared the trial numbers and total search 
times required by the three repertoires to recognize the same peptides. Here, we considered only cases in which 
the three repertoires successfully recognize a specific peptide, and ignored cases in which one of the three 
repertoires failed to recognize a specific peptide (Table 3). In general, the trial number was positively correlated 
with the total search time (Figs. 6A and 6B). However, the penalty of the unbinding time occasionally reversed 
this positive correlation. For certain peptides, N-TCRs required more trials to recognize the peptides than H-
TCRs, but less time was required ( TCRNTCRH -- <mm , TCRNTCRH -- >tt ). The negative correlation between 
m and t  was approximately %6.0%89.8 ±  (H-TCRs vs. N-TCRs) and 88.258.17 ±  (N-TCRs vs. L-TCRs) 
(Figs. 6C and 6D). In contrast, when the temperature increased 10-fold ( TkB101 =-b ), the penalty of unbinding 
diminished, and m and t  were strongly correlated (Figs. 6C and 6D). H-TCRs had the fastest target searching 
with the fewest trials. However, when the temperature decreased 10-fold ( TkB1.0
1 =-b ), the unbinding 
penalty became substantial, and H-TCRs had the slowest target searching (data not shown). Therefore, the 
energy scale of body temperature is critical for our conclusions. Thus far, we ignored the recognition process 
at the m-th successful event. However, if we considered the synapse dissolution process (Huppa and Davis, 
2003), we should include the m-th event to estimate the total search time, å
=
D=
m
i
i
1
’ tt , for the immune response 
of TCRs, including proliferation. If the m-th event is included, the longer unbinding time of H-TCRs becomes 
exaggerated, and the average search time of N-TCRs becomes shorter than that of H-TCRs and L-TCRs (
TCRHTCRLTCRN --- << ttt ). 
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3. Summary 
T cells are specific for target pathogens and cross-reactive for multiple targets due to the finiteness of the 
immune system (Mason, 1998; Petrova et al., 2012; Sewell, 2012). In this study, we examined the degree of 
cross-reactivity of human T cells using the linear binding model (Kosmrlj et al., 2009; Kosmrlj et al., 2008) 
with open sequence data of T-cell receptors and antigenic peptides. We found that the degree of cross-reactivity 
has a broad spectrum compared with a control scenario in which T cells were randomly reactive to peptides 
given that the total number of their reactive connections was constrained. Thus, certain T cells are highly cross-
reactive to peptides, while other T cells are not as cross-reactive but are more specific. This diverse cross-
reactivity has recently been observed in experimental studies (Jenkins and Moon, 2012; Maillere, 2013; Petrova 
et al., 2012; Zarnitsyna et al., 2013). Furthermore, we confirmed that the higher cross-reactive T-cell receptors 
have more strongly interacting amino acids in their sequences, which is consistent with previous studies 
(Kosmrlj et al., 2008; Stadinski et al., 2016).  
We further investigated the binding model to examine the target search time of T cells. We found that natural 
T cells were specific for peptides and sufficiently rapid in searching for target peptides in a finite time window. 
The high cross-reactive T cells did not waste time searching for the correct targets due to their non-specific high 
cross-reactivity, but these cells required more time to unbind from the incorrect targets. In contrast, the low 
cross-reactive T cells required more time to search for the correct targets due to their high specificity. These 
disadvantages of the non-natural T-cell repertoire were highlighted at a physiological body temperature. 
Although our general conclusion applies to the relative target search time of the three different T-cell repertoires, 
the total target search time estimated in this study should be cautiously considered as the absolute time because 
we ignored the simultaneous target searching of multiple T cells and the time interval between searching events 
in the estimation.  
Our computational approach could provide a useful platform for investigating immunological recognition. 
Recent high-throughput technologies have provided digital information regarding T-cell receptors and antigenic 
peptides (Murugan et al., 2012; Vita et al., 2015; Warren et al., 2011; Zvyagin et al., 2014). However, 
systematically probing the degree of cross-reactivity in large populations of T cells or peptides remains 
challenging. Our computational platform allowed for an analysis of large-scale data of 104 TCRs and 104 
peptides. This platform might be helpful for designing effective vaccines (Jenkins and Moon, 2012) or 
predicting the immunogenicity of therapeutic proteins (Maillere, 2013). However, the simple model of the 
platform must be further refined for practical applications. The linear interaction between CDR3 and pMHC 
might be a reasonable assumption given their short lengths, but their real interaction likely depends on their 
three-dimensional folded structures.  
  11 
Acknowledgement 
We thank M. Kardar and A.K. Chakraborty for critical discussions and hospitality during J.X.’s visit at the 
Massachusetts Institute of Technology, where a part of this study was performed. This study was supported by 
the Basic Science Research Program of the National Research Foundation of Korea (NRF), the Ministry of 
Education (2016R1D1A1B03932264), the Max Planck Society, and the Korea Ministry of Education, Science 
and Technology, Gyeongsangbuk-Do and Pohang City (J.J.). 
References 
Arstila, T. P., Casrouge, A., Baron, V., Even, J., Kanellopoulos, J., Kourilsky, P., 1999. A direct estimate of 
the human alphabeta T cell receptor diversity. Science 286, 958-61. 
Berg, O. G., von Hippel, P. H., 1987. Selection of DNA binding sites by regulatory proteins. Statistical-
mechanical theory and application to operators and promoters. J Mol Biol 193, 723-50. 
Chao, D. L., Davenport, M. P., Forrest, S., Perelson, A. S., 2005. The effects of thymic selection on the range 
of T cell cross-reactivity. Eur J Immunol 35, 3452-9, doi:10.1002/eji.200535098. 
Davis, M. M., Bjorkman, P. J., 1988. T-cell antigen receptor genes and T-cell recognition. Nature 334, 395-
402, doi:10.1038/334395a0. 
Derrida, B., 1980. Random-Energy Model: Limit of a Family of Disordered Models. Phys Rev Lett 45, 79-82. 
Derrida, B., 1981. Random-energy model: An exactly solvable model of disordered systems. Physical Review 
B 24, 2613-2626. 
Detours, V., Perelson, A. S., 1999. Explaining high alloreactivity as a quantitative consequence of affinity-
driven thymocyte selection. Proc Natl Acad Sci U S A 96, 5153-8. 
Detours, V., Mehr, R., Perelson, A. S., 1999. A quantitative theory of affinity-driven T cell repertoire 
selection. J Theor Biol 200, 389-403, doi:10.1006/jtbi.1999.1003. 
Gerland, U., Moroz, J. D., Hwa, T., 2002. Physical constraints and functional characteristics of transcription 
factor-DNA interaction. Proc Natl Acad Sci U S A 99, 12015-20, doi:10.1073/pnas.192693599. 
Grakoui, A., Bromley, S. K., Sumen, C., Davis, M. M., Shaw, A. S., Allen, P. M., Dustin, M. L., 1999. The 
immunological synapse: a molecular machine controlling T cell activation. Science 285, 221-7. 
Holler, P. D., Kranz, D. M., 2003. Quantitative analysis of the contribution of TCR/pepMHC affinity and 
CD8 to T cell activation. Immunity 18, 255-64. 
Huppa, J. B., Davis, M. M., 2003. T-cell-antigen recognition and the immunological synapse. Nat Rev 
Immunol 3, 973-83, doi:10.1038/nri1245. 
Jenkins, M. K., Moon, J. J., 2012. The role of naive T cell precursor frequency and recruitment in dictating 
immune response magnitude. J Immunol 188, 4135-40, doi:10.4049/jimmunol.1102661. 
Kosmrlj, A., Chakraborty, A. K., Kardar, M., Shakhnovich, E. I., 2009. Thymic Selection of T-Cell Receptors 
  12 
as an Extreme Value Problem. Phys Rev Lett 103, doi:ARTN 068103 
10.1103/PhysRevLett.103.068103. 
Kosmrlj, A., Jha, A. K., Huseby, E. S., Kardar, M., Chakraborty, A. K., 2008. How the thymus designs 
antigen-specific and self-tolerant T cell receptor sequences. Proc Natl Acad Sci U S A 105, 16671-
16676, doi:10.1073/pnas.0808081105. 
Kosmrlj, A., Read, E. L., Qi, Y., Allen, T. M., Altfeld, M., Deeks, S. G., Pereyra, F., Carrington, M., Walker, 
B. D., Chakraborty, A. K., 2010. Effects of thymic selection of the T-cell repertoire on HLA class I-
associated control of HIV infection. Nature 465, 350-4, doi:10.1038/nature08997. 
Krogsgaard, M., Prado, N., Adams, E. J., He, X.-l., Chow, D.-C., Wilson, D. B., Garcia, K. C., Davis, M. M., 
2003. Evidence that Structural Rearrangements and/or Flexibility during TCR Binding Can 
Contribute to T Cell Activation. Mol Cell 12, 1367-1378, doi:http://dx.doi.org/10.1016/S1097-
2765(03)00474-X. 
Li, H., Tang, C., Wingreen, N. S., 1997. Nature of driving force for protein folding: A result from analyzing 
the statistical potential. Phys Rev Lett 79, 765-768, doi:DOI 10.1103/PhysRevLett.79.765. 
Maillere, B., 2013. Comment on "The role of naive T cell precursor frequency and recruitment in dictating 
immune response magnitude". J Immunol 190, 1895, doi:10.4049/jimmunol.1290079. 
Mason, D., 1998. A very high level of crossreactivity is an essential feature of the T-cell receptor. Immunol 
Today 19, 395-404, doi:Doi 10.1016/S0167-5699(98)01299-7. 
Mayer, A., Balasubramanian, V., Mora, T., Walczak, A. M., 2015. How a well-adapted immune system is 
organized. Proc Natl Acad Sci U S A 112, 5950-5955, doi:10.1073/pnas.1421827112. 
Miyazawa, S., Jernigan, R. L., 1996. Residue-residue potentials with a favorable contact pair term and an 
unfavorable high packing density term, for simulation and threading. J Mol Biol 256, 623-44, 
doi:10.1006/jmbi.1996.0114. 
Murugan, A., Mora, T., Walczak, A. M., Callan, C. G., Jr., 2012. Statistical inference of the generation 
probability of T-cell receptors from sequence repertoires. Proc Natl Acad Sci U S A 109, 16161-6, 
doi:10.1073/pnas.1212755109. 
Owen, J. A., Punt, J., Stranford, S. A., Jones, P. P., Kuby, J., 2013. Kuby immunology. W.H. Freeman, New 
York. 
Percus, J. K., Percus, O. E., Perelson, A. S., 1993. Predicting the size of the T-cell receptor and antibody 
combining region from consideration of efficient self-nonself discrimination. Proc Natl Acad Sci U S 
A 90, 1691-5. 
Perelson, A. S., Oster, G. F., 1979. Theoretical studies of clonal selection: minimal antibody repertoire size 
and reliability of self-non-self discrimination. J Theor Biol 81, 645-70. 
Petrova, G., Ferrante, A., Gorski, J., 2012. Cross-reactivity of T cells and its role in the immune system. Crit 
Rev Immunol 32, 349-72. 
  13 
Robins, H. S., Srivastava, S. K., Campregher, P. V., Turtle, C. J., Andriesen, J., Riddell, S. R., Carlson, C. S., 
Warren, E. H., 2010. Overlap and effective size of the human CD8+ T cell receptor repertoire. Sci 
Transl Med 2, 47ra64, doi:10.1126/scitranslmed.3001442. 
Robins, H. S., Campregher, P. V., Srivastava, S. K., Wacher, A., Turtle, C. J., Kahsai, O., Riddell, S. R., 
Warren, E. H., Carlson, C. S., 2009. Comprehensive assessment of T-cell receptor beta-chain 
diversity in alphabeta T cells. Blood 114, 4099-107, doi:10.1182/blood-2009-04-217604. 
Savir, Y., Kagan, J., Tlusty, T., 2016. Binding of Transcription Factors Adapts to Resolve Information-Energy 
Tradeoff. J Stat Phys 162, 1383-1394, doi:10.1007/s10955-015-1388-5. 
Segel, L. A., Cohen, I. R., 2001. Design principles for the immune system and other distributed autonomous 
system. Oxford University Press, New York. 
Sender, R., Fuchs, S., Milo, R., 2016. Revised Estimates for the Number of Human and Bacteria Cells in the 
Body. PLoS Biol 14, e1002533, doi:10.1371/journal.pbio.1002533. 
Sewell, A. K., 2012. Why must T cells be cross-reactive? Nature Reviews Immunology 12, 668-677, 
doi:10.1038/nri3279. 
Stadinski, B. D., Shekhar, K., Gomez-Tourio, I., Jung, J., Sasaki, K., Sewell, A. K., Peakman, M., 
Chakraborty, A. K., Huseby, E. S., 2016. Hydrophobic CDR3 residues promote the development of 
self-reactive T cells. Nat Immunol 17, 946-+, doi:10.1038/ni.3491. 
Unanue, E. R., 1984. Antigen-presenting function of the macrophage. Annu Rev Immunol 2, 395-428, 
doi:10.1146/annurev.iy.02.040184.002143. 
Vita, R., Overton, J. A., Greenbaum, J. A., Ponomarenko, J., Clark, J. D., Cantrell, J. R., Wheeler, D. K., 
Gabbard, J. L., Hix, D., Sette, A., Peters, B., 2015. The immune epitope database (IEDB) 3.0. 
Nucleic Acids Res 43, D405-12, doi:10.1093/nar/gku938. 
von Hippel, P. H., Berg, O. G., 1986. On the specificity of DNA-protein interactions. Proc Natl Acad Sci U S 
A 83, 1608-12. 
Warren, R. L., Freeman, D., Zeng, T., Choe, G., Munro, S., Moore, R., Webb, J. R., Holt, R. A., 2011. 
Exhaustive T-cell repertoire sequencing of human peripheral blood samples reveals signatures of 
antigen selection and a directly measured repertoire size of at least 1 million clonotypes. Genome 
Res 21, 790-797, doi:10.1101/gr.115428.110. 
Zarnitsyna, V. I., Evavold, B. D., Schoettle, L. N., Blattman, J. N., Antia, R., 2013. Estimating the diversity, 
completeness, and cross-reactivity of the T cell repertoire. Front Immunol 4, 485, 
doi:10.3389/fimmu.2013.00485. 
Zvyagin, I. V., Pogorelyy, M. V., Ivanova, M. E., Komech, E. A., Shugay, M., Bolotin, D. A., Shelenkov, A. 
A., Kurnosov, A. A., Staroverov, D. B., Chudakov, D. M., Lebedev, Y. B., Mamedov, I. Z., 2014. 
Distinctive properties of identical twins' TCR repertoires revealed by high-throughput sequencing. 
Proc Natl Acad Sci U S A 111, 5980-5985, doi:10.1073/pnas.1319389111. 
  14 
 
Fig. 1. (Color online) Linear binding model of T-cell receptors. (A) Binding energy of the pairwise amino 
acid bonds between a T-cell receptor (TCR) sequence and a peptide sequence loaded onto the major 
histocompatibility complex (MHC). The binding has the following two components: (i) specific interaction (red 
connections) between the complementarity-determining region 3 (CDR3) of the TCR and the corresponding 
paired peptide region and (ii) common interaction (black connection) between the remaining TCR region and 
the remaining peptide region plus MHC. (B) Miyazawa-Jernigan matrix. Amino acids are sorted from strongest 
to weakest according to the maximum binding energy with which they interact with all other amino acids. 
 
 
 
 
 
  15 
 
Fig. 2. (Color online) T cell and peptide cross-reactivity. (A) Schematic representation of the recognition 
(red lines) of T-cell receptors (TCR) and antigenic peptides. Recognition is achieved when the pairwise binding 
energy between a TCR ( t
!
) and a peptide ( p! ) exceeds the threshold energy for recognition: REptE >),(
!! . T-cell 
cross-reactivity determines the fraction of peptides recognized by a given TCR, whereas peptide cross-reactivity 
determined the fraction of TCRs recognized by a given peptide. (B) Distribution of T-cell cross-reactivity and 
(C) peptide cross-reactivity. Approximately 104 TCR sequences and 104 peptide sequences were used to 
calculate their recognition with three thresholds, LER / =3.5 (inverse triangles, red dotted line), 4.0 (squares, red 
solid line), and TkB5.4  (triangles, red dashed line), where L is the pairwise length between a TCR and a peptide, 
and TkB  is the thermal energy at body temperature. For comparison, the cross-reactivity was also calculated 
with random connections (Random, circles, black solid line) between the TCRs and the peptides given the 
constraint that the total recognition connection is matched according to the calculation of TkLE BR 0.4/ = . The 
error bars represent the standard errors of the TCR ensembles from 9 subjects. 
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Fig. 3. (Color online) High and low cross-reactive T-cell receptors. (A) Relative frequencies of the twenty 
amino acids of the peptide sequences and natural T-cell receptors (N-TCR). (B) Relative frequencies of the 
twenty amino acids of the top five percent (H-TCR) and lowest five percent of cross-reactive T-cell receptors 
(L-TCR). For each amino acid, the frequency difference between H-TCR and L-TCR was statistically 
significant (P<0.001) by an unpaired two-tailed Student’s t-test. (C) Symbols represent numerical simulations 
of binding energy distribution for N-TCR (red dots and solid line), H-TCR (green squares and dotted line) and 
L-TCR (blue triangles and dashed line). The lines represent Gaussian distributions. (D) T-cell cross-reactivity 
of the three T-cell repertoires. Using the amino acid frequencies in (B), the following two sets of 3,000 artificial 
T-cell receptors were generated: H-TCR (green squares and dotted line) and L-TCR (blue triangles and dashed 
line). For N-TCR (red circles and solid line), 3,000 natural T-cell receptors were randomly selected from a TCR 
pool of 9 subjects. For (A) and (B), the error bars represent the standard errors of TCR ensembles from nine 
subjects. For (C) and (D), the error bars represent ten TCR ensembles for randomly selected N-TCR and two 
artificial TCRs (H-TCR and L-TCR), which are too small to detect. 
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Fig. 4. (Color online) Trial number and search time of T cells in successful peptide targeting. (A) Trial 
number distributions and (B) total search time distributions of natural T cells (N-TCR, red circles), high cross-
reactive T cells (H-TCR, green squares), and low cross-reactive T cells (L-TCR, blue triangles). Each repertoire 
has 3,000 distinct T cells. (C) Trial number and (D) search time distributions of larger repertoires including 
50,000 distinct T cells. The error bars represent the standard errors of ten ensembles per repertoire. 
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Fig. 5. (Color online) Target search time of different T-cell repertoires. Total search time (t ) required to 
recognize a target peptide after m-1 trials, where each trial requires )( ii EtD . Compared with the natural T-cell 
repertoire (N-TCR), high cross-reactive TCRs (H-TCR) require more time to unbind from the incorrect targets, 
whereas low cross-reactive TCRs (L-TCR) require many trials to find the correct targets. 
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Fig. 6. (Color online) Non-trivial relation between trial number and search time. The relative trial number 
and search time required for targeting specific peptides (A) between the natural T-cell repertoire (N-TCR) and 
high cross-reactive T-cell repertoire (H-TCR), and (B) between the N-TCR and low cross-reactive T-cell 
repertoire (L-TCR). Each i-th trial requires )exp()( 0 iii EE btt =D  depending on the binding energy iE  between a 
TCR and a peptide, where 0t  is a free parameter of the time scale, and TkB=-1b  is the thermal energy. We 
considered the following two temperatures: body temperature T (red) and a high temperature 10T (black). 
Depending on the relative trial number and search time, four regions were defined. The percentile event 
frequency of the four regions (C) for N-TCR vs. H-TCR and (D) for N-TCR vs. L-TCR. Each repertoire has 
3,000 distinct T-cell receptors. Here, to define the recognition events, we considered only the peptides that were 
simultaneously recognized by all three repertoires for a fair comparison (Table 3). The error bars represent the 
standard errors of ten ensembles of the three repertoires. 
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Table 1. Mean ( aµ ) and variance ( 2as ) of the binding energy between T-cell receptors (TCRs) and 
peptides and their recognition probability ( aq ). We computed the binding energy from the numerical 
simulations of TCRs and peptide binding and the analytical calculations (in parentheses) of the binding 
energy distribution. We considered the following three repertoires: natural T-cell receptors (N-TCRs), high 
cross-reactive T-cell receptors (H-TCRs), and low cross-reactive T-cell receptors (L-TCRs). The probability 
aq  of successful recognition is also estimated for the event when the binding energy exceeded the threshold 
energy for the peptide recognition using two methods. The errors are estimated from ten ensembles of N/H/L-
TCRs. Errors too small to be detected are not shown. 
 
aµ (kBT) 2as (kB
2T2) aq  
H-TCR 07.054.72 ±  
( 07.031.72 ± ) 
41.022.30 ±  
( 11.001.28 ± ) 
%19.0%90.6 ±  
( %18.0%03.5 ± ) 
N-TCR 03.052.67 ±  
( 03.031.67 ± ) 
14.091.19 ±  
( 06.052.20 ± ) 
%02.0%44.0 ±  
(0.13%) 
L-TCR 02.046.64 ±  
( 02.024.64 ± ) 
08.024.16 ±  
( 03.044.14 ± ) 
%03.0  
(0.0005%) 
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Table 2. Average trial number and search time for targeting peptides. The trial number  
a
1-m  and search 
time 
a
t  were estimated analytically from the binding energy distribution of the T-cell receptors and peptides. 
We considered the following three T-cell repertoires: natural T-cell receptors (N-TCRs), high cross-reactive T-
cell receptors (H-TCRs), and low cross-reactive T-cell receptors (L-TCRs). The errors are estimated from ten 
ensembles of N/H/L-TCRs. 
 
a
1-m  
a
t  (min) 
H-TCR 119 ±  210)11.029.7( ´±  
N-TCR 29796 ±  310)03.046.2( ´±  
L-TCR 510)10.095.1( ´±  410)03.048.1( ´±  
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Table 3. Percentage of successful peptide recognition by T cells. We considered the following three T-cell 
repertoires: natural T-cell receptors (N-TCRs), high cross-reactive T-cell receptors (H-TCRs), and low cross-
reactive T-cell receptors (L-TCRs). Each repertoire is considered with two different pool sizes (3,000 and 
50,000). The errors are estimated from ten ensembles of N/H/L-TCRs. The recognition of H/N/L-TCRs reveals 
that all three repertoires recognize specific peptides, and the recognition of H/N-TCRs represents that H- and 
N-TCRs recognize specific peptides that L-TCRs fail to recognize.  
 TCR pool size 
3,000 50,000 
H/N/L-TCR 3.21% ± 0.52% 6.65% ± 0.77% 
H/N-TCR 20.01% ± 11.02% 26.40% ± 4.53% 
H-TCR 67.20% ± 11.97% 64.02% ± 4.98% 
None 9.58% ± 2.80% 2.93% ± 1.00% 
 
 
 
 
 
 
 
